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1. Introduction
The profitability of the momentum strategy has become one 
of the most intriguing asset pricing phenomena since it was first 
documented in Jegadeesh and Titman (1993).1 Theoretical studies 
propose behavioral and rational explanations for momentum re- 
turns.2 There is also extensive empirical literature on how momen- 
tum returns vary in the cross-section as well as in the time-series 
conditioned on market states.3 This paper focuses on the latter 
relation.
Extant empirical evidence suggests momentum profits critically 
depend on the state of the market. Cooper et al. (2004) show that
the momentum strategy is profitable only in states when past mar- 
ket returns are non-negative. Antoniou et al. (2013) show that mo- 
mentum is stronger when sentiment is optimistic and this effect 
is incremental to the effect of past market returns. These papers 
attribute the dependence of momentum on past market returns 
and investor sentiment to an increase in behavioral biases when 
the market performs well or sentiment is optimistic.4 Cooper et al. 
(2004) argue that overconfidence increases and risk aversion de- 
clines for the average investor following high market returns, ef- 
fectively leading to overreaction and greater momentum profits. 
Antoniou et al. (2013) posit that investors with cognitive disso- 
nance underreact to the news that contradicts investor sentiment. 
Consequently, bad (good) news diffuses slowly among loser (win- 
ner) stocks when aggregate investor sentiment is optimistic (pes- 
simistic). They find that momentum strategy is profitable only un- 
der optimism, which is consistent with the notion of the greater 
difficulty of arbitraging overpriced loser stocks due to costly short 
selling.
In theory, the unexpected component of the market returns can 
be driven by two different sources of news: aggregate cash flow 
news and discount rate news. In this paper, we examine whether 
the nature of the news that drives past market returns has an
effect on momentum profits. To this end, we decompose unex- 
pected market returns in the portfolio formation period into com- 
ponents related to cash flow and discount rate news via the return 
decomposition methodology of Campbell and Vuolteenaho (2004). 
As noted in their paper, an important distinction between cash 
flow news and discount rate news is that, while cash flow news 
is thought to have a relatively permanent impact on prices, the 
impact of discount rate news is relatively transitory: a decline in 
asset values due to higher discount rates is at least partially com- 
pensated by higher expected returns in subsequent periods. In con- 
trast, the future expected returns may remain unchanged when the 
value of the market portfolio falls as a result of bad news about fu- 
ture cash flows. Similarly, an increase in the value of market port- 
folio due to positive cash flow news may not be reversed subse- 
quently, whereas an increase in the value of market portfolio due 
to discount rate news is offset by deteriorated prospects for fu- 
ture returns. Therefore, while shocks to wealth due to discount 
rate news can be interpreted as relatively short-term or transitory, 
shocks to wealth due to cash flow news are relatively more long- 
term and permanent.5 Based on these arguments, we conjecture 
that permanent cash flow shocks may have a greater impact on be- 
havioral biases such as cognitive dissonance (Antoniou et al., 2013) 
in comparison to transitory discount rate shocks.
We follow Campbell (1991) and use the Campbell-Shiller 
(1988) return decomposition along with a vector autoregressive 
(VAR) approach to decompose unexpected market returns (RM) 
during the formation period into components due to cash flow 
news and discount rate news (NCF and NDR).6 We aggregate each 
of these components over rolling six-month periods and label a 
given month as an up-CF/DR state if the cumulative NCF /NDR 
in the prior six-month period is positive and as a down-CF/DR 
state if the cumulative NCF/NDR in the prior six-month period is 
negative.
We find that momentum is significantly higher following a 
series of positive aggregate cash flow news. The mean monthly 
return for the six-month formation/holding period momentum 
strategy is 1.28% in up-CF states, whereas it is only 0.29% in down- 
CF states. The predictive ability of past cash flow news is ro- 
bust to controlling for past market returns and sentiment. More 
strikingly, we find that momentum profits are still economically 
and statistically strong in up-CF states even when cumulative past 
market returns are negative (i.e., down markets based on Cooper 
et al., 2004 definition). Similarly, even when the investors are pes- 
simistic, as per Antoniou et al. (2013) definition of pessimistic 
states based on the Conference Board sentiment data, we find that 
momentum is strong in up-CF states. We also find that the major 
driver of the higher momentum in up-CF states is the relatively 
higher persistence in the underperformance of losers. In down- 
DR states, univariate sorts based on past discount rate news yield 
marginally significantly higher momentum profits, but these find- 
ings are dominated by past market returns or sentiment. We con- 
firm these results in multivariate regressions.
We conduct a battery of robustness tests. We run out-of-sample 
tests which maintain a real time framework by employing a con- 
tinuously updated (expanding window) VAR along with Jegadeesh 
and Titman (1993) calendar-time momentum strategy. We adjust 
for risk using both the Fama and French (1993) three-factor model 
and on size and book-to-market adjusted returns similar to that 
in Daniel et al. (1997). We further test the robustness of our re- 
sults with value-weighted portfolio returns and in various sub- 
periods. The positive relationship between past CF and the mo- 
mentum profits is robust to all of the above specifications.
Our analysis suggests that the conditioning role of past market 
returns and sentiment in the context of price momentum requires 
special attention with respect to what accounts for the variation in 
prices. Our findings are consistent with the predictions of the be- 
havioral model in Hong and Stein (1999) and with Antoniou et al. 
(2013) who augment this model. Hong and Stein (1999) assume 
two types of traders, "newswatchers" and “momentum traders”. 
In their framework, newswatchers trade based on private informa- 
tion that gradually diffuses among them, causing an initial under- 
reaction. Momentum traders on the other hand, chase the trends 
in prices and cause overreaction in stock prices, which is even- 
tually corrected. Antoniou et al. (2013) augment Hong and Stein 
(1999) model by introducing the notion of cognitive dissonance, 
which can cause greater underreaction of newswatchers to losers 
(winners) in optimistic (pessimistic) periods. Arbitraging the un- 
derreaction of losers is less likely than arbitraging the underreac- 
tion of winners due to costly short selling. Therefore, momentum 
differential between optimistic and pessimistic states is expected 
to be driven by the continuation of the underperformance of the 
losers in optimistic states. We contribute to this argument by hy- 
pothesizing that the positive permanent changes in wealth causes 
greater cognitive dissonance among newswatchers. Even in pes- 
simistic states (when sentiment is low) behavioral biases such as 
cognitive dissonance of newswatchers may still be at play when 
there is positive cash flow news.
Our findings also complement the results of Cooper et al. 
(2004), who find that momentum is nonexistent following market 
declines. We show that momentum is profitable following positive 
cash flow news even in down markets based on past market re­
turns. We argue that during down markets (past market returns 
are negative) investors pay greater attention to cash flow news as 
the shocks to wealth due to cash flow news are more permanent. 
Behavioral biases continue to exist after down markets when cash 
flows news indicates an up state.
There are also studies that examine whether momentum profits 
are procyclical. For example, Chordia and Shivakumar (2002) find 
that momentum profits exist only in expansionary periods and 
disappear after controlling for a set of macroeconomic variables 
that predict business cycles.7 Kim et al. (2014) provide further ev- 
idence for the procyclicality of momentum profits by document- 
ing the difference in expected returns between winner and loser 
stocks across business cycles. In this paper, following Cooper et al. 
(2004) and Antoniou et al. (2013), we focus on the behavioral ex- 
planation for the relation between momentum and market states. 
However, in order to examine whether higher momentum returns 
following up-CF states is driven by the procyclicality of cash flow 
news and momentum returns, we repeat our main analysis by us- 
ing cash flow and discount rate news orthogonalized with respect 
to the business cycle variables used in Chordia and Shivakumar 
(2002) and Kim et al. (2014). We find no evidence that the rela- 
tionship between cash flow news and momentum returns is driven 
by the procyclicality of cash flow news.
The remainder of the paper is organized as follows. 
Section 2 discusses the data and methodologies and present 
momentum profits in different cash flow and discount rate news. 
In Section 3, we present the momentum profits in market states 
determined by the use of past market returns and Conference 
Board (CB) sentiment measures. We conclude in Section 4.
2. Cash flow and discount rate news
Following Campbell (1991), we use the log-linear present value 
identities as in Campbell and Shiller (1988) and a vector autore- 
gressive (VAR) model as in Campbell and Vuolteenaho (2004) to 
decompose market returns into cash flow news and discount rate 
news:
∞ ∞
fi+i - Et rt+1 = (Et+1 -Et)£ p'Ad[+i+1 - (Et+1 -Et)£ P'rt+i+i 
i=0 i=l
(1)
where rt+1 is a log market return from time t to time t+1, dt+1 is 
the log dividend paid at time t+1, Δdt+1 represents the log change 
in dividends from time t to time t+1, and p is a parameter of lin- 
earization.8 In this model, cash flow news and discount rate news 
are defined as follows:
∞
NcF.t+i = (Et+i-Et) p‘Adt+i+i = news about future cash flows 
i=0
(2)
∞
JVoR.t+i = (Et+i-Et) ^2plrt+i+-[=news about future discount rates 
i=l
(3)
To operationalize this decomposition, we assume a first-order 
VAR system of the form:
zt+1 =a + Bzt+ wt+1 (4)
where z represents the vector of state variables, a and B are con- 
stants, and w is the vector of shocks. Cash flow news and discount 
rate news can then be found as functions of the shocks:
Ncf,t+1 = (el'+ X)wt+1. (5)
NDR,t+1 = Xwt+1 (6)
where X = el'pBd — pB)-1 I is an identity matrix, and el is a vec- 
tor with its first element equal to 1 and others equal to 0.
Following Campbell and Vuolteenaho (2004), we include four 
state variables: (i) rm: log market return, measured as the log re- 
turn on CRSP value weighted index, (ii) TY: term yield spread, 
measured as the percentage difference between the yield on the 
10-year US constant maturity bonds and the yield on short-term 
taxable notes.9 (iii) PE: log price earnings ratio from Shiller (2000), 
measured as the log of the price of the S&P 500 index scaled with 
the 10-year trailing moving average of the aggregate earnings of 
the firms in the index, (iv) VS: small stock value spread, measured 
as the difference between the log of the book-to-market ratios of 
small value and small growth firms. The series is obtained from 
Professor Kenneth French’s website.
Panels A and B of Table 1 respectively report the summary 
statistics of the VAR state variables and estimated cash flow news
Table 1
Descriptive statistics.
Panel A shows the descriptive statistics of the VAR state variables for the sample 
period December 1928-June 2013 covering 1015 monthly data points. Rm is the 
log return on the CRSP value-weighted index. TY is the term yield spread, mea- 
sured as the yield difference between 10-year constant-maturity taxable bonds 
and short-term taxable notes. PE is the log ratio of the S&P 500's price to the 
S&P 500's 10-year moving average of earnings. VS is the value spread measured 
as the difference in the log book-to-market ratios of small value and small growth 
stocks. Panel B shows the properties of cash flow news (NCF) and discount rate 
news (NDR) estimated by the VAR model using the state variables in Panel A. 
Panel C shows the time-series average of the correlations between cumulative 
past market returns, news estimated by the VAR, and a sentiment proxy. p6NCF 
and p6NDR are the cumulative past six months cash flow news and discount 
rate news, respectively. p6vwret and pl2vwret are the cumulative past 12 months 
value-weighted market returns. Sentiment is measured as the residual of the re- 
gression of Conference Board Sentiment Index on growth in industrial produc- 
tion, real growth in durable, nondurable and services consumption, growth in 
employment and an NBER recession indicator. For each formation period, month 
t-1, sentiment is calculated as the weighted average of past three months resid- 
ual sentiment with weights 0.5 for month t-1, 0.33 for month t-2 and 0.16 for 
month t-3.
Panel A. Descriptive statistics of VAR state variables
Variable Mean Median Std. dev. Min Max Autocorr.
Rm 0.004 0.009 0.054 -0.344 0.322 0.113
TY 0.661 0.590 0.632 -1.350 2.720 0.913
PE 2.905 2.921 0.365 1.501 3.891 0.992
VS 1.623 1.510 0.359 1.154 2.713 0.991
Panel B. Cash flow and discount rate news of the market portfolio
Mean Median Std. dev. Min Max
CF news 0 0.003 0.034 -0.181 0.251
DR news 0 -0.002 0.051 -0.250 0.248
Past 6 CF news 0.0027 0.005 0.073 -0.258 0.278
Past 6 DR news 0.0069 -0.007 0.120 -0.354 0.647
Panel C. The cumulative CF, DR news, and market returns in different states
p6vwret pl2vwret p6ncf_fs p6ndr_fs Residsent
p6vwret 1.00 0.69 0.44 -0.76 -0.08
pl2vwret 0.69 1.00 0.31 -0.56 -0.04
p6ncf_fs 0.44 0.31 1.00 0.14 0.07
p6ndr_fs -0.76 -0.56 0.14 1.00 -0.10
Residsent -0.08 -0.04 0.07 -0.10 1.00
and discount rate news (NCF and NDR). Panel B shows that NDR 
has a standard deviation of 5.1% per month, 50% larger than the 
3.4% standard deviation of NCF. The same pattern exists when we 
cumulate the monthly news over the past six months. These are 
in line with the findings of Campbell (1991) and Campbell and 
Vuolteenaho (2004) that NDR plays a more important role in mov- 
ing stock prices than NCF. Panel C of Table 1 reports the corre- 
lations between past market returns (RM) and different types of 
news. While the correlation coefficient between NCF and RM is 
0.44, the correlation between NDR and RM is -0.76. On the other 
hand, we find that the correlations with the residual sentiment are 
0.07 for NCF and -0.10 for NDR.
3. Hypothesis development and empirical evidence
There are two different types of news that drive unexpected 
market returns: discount rate news and cash flow news. The term 
‘discount rate news (shock)’ is synonymous with a change in fu- 
ture expected returns. While an increase in discount rates leads 
to a contemporaneous capital loss due to heavier discounting of 
expected future cash flows, investors are compensated at least 
partially by higher returns that are expected to accrue in future 
periods. By contrast, ‘cash flow news (shock)’ refers to a capital 
gain or loss that is brought about by changing expectations about
future cash flows, which is permanent in the sense that it oc- 
curs in the absence of an offsetting shift in expected returns. This 
perspective is provided first by Campbell (1991), who argues that 
these two return components can be interpreted as the perma- 
nent and transitory components of returns, since returns generated 
by cash flow news are not subsequently reversed, whereas posi- 
tive (negative) returns generated by discount rate news are offset 
by lower (higher) future returns. We hypothesize that permanent 
shocks to wealth may have a more pronounced effect on cogni- 
tive dissonance, thereby creating a greater underreaction to con- 
tradictory news in comparison to transitory wealth shocks. For ex- 
ample, when the market experiences positive aggregate cash flow 
news (up-CF state), investors would underreact to bad firm-specific 
news since such news conflicts with aggregate positive cash flows 
news. Furthermore, we argue that the underreaction to negative 
firm specific news in up-CF states would be greater than that to 
positive firm specific news in down-CF states because arbitraging 
away underreaction to bad news requires costly short-selling. Thus, 
positive cash flow news should lead to more pronounced behav- 
ioral biases and consequently to higher momentum portfolio re- 
turns, primarily due to the persistence in the underperformance of 
past losers.
3.1. Momentum returns conditional on cash flow and discount rate 
news-full sample
We start our analysis by computing the momentum returns in 
up and down states based on past cash flow and discount rate 
news over the period from January 1930 to December 2013. We 
employ a first-order VAR model as described in Section 2 in- 
cluding a constant, the log market return, term yield spread, log 
price-earnings ratio, and small stock value spread to obtain cash 
flow news (NCF) and discount rate news (NDR). We identify event 
months (t) with non-negative cumulative NCF/NDR over the past 
6 months (t-6 to t-1) as up-CF/DR states, with negative news over 
the past six months (t-6 to t-1) as down-CF/DR states.
We follow a similar methodology to that of Cooper et al. 
(2004) to compute momentum returns in these states in event 
time. For each month (t) in our sample period, we sort all NYSE 
and AMEX stocks into deciles based on their past six-month (t-6 to 
t-1) cumulative returns. We identify the bottom (top) decile port-
folio, which is comprised of stocks with the lowest (highest) past 
cumulative six-month returns, as the loser (winner) portfolio. We 
compute the equal weighted average monthly returns for each of 
these decile portfolios for the following six months (t+1 to t+6), 
skipping a month (t) after the formation period. We then calculate 
the cumulative returns for these decile portfolios over the holding 
period (t+1 to t+6) forming time-series of raw cumulative returns 
over the six month holding period for each decile portfolio. For 
example, for the month of January 1960 (f), the cumulative return 
over the holding period months is the sum of monthly raw returns 
from February, March, April, May, June, and July of 1960 (t+1 to 
t+6), and the end of formation period month is December 1959 
(t-1). We also form time-series of raw cumulative returns for the 
momentum portfolio, or WML, which is long in the winner port- 
folio and short in the loser portfolio. We convert cumulative re- 
turns to monthly returns by dividing by six. We then compute the 
time-series means of these returns separately during up and down 
states (based on state of month t) for each decile portfolio and the 
momentum portfolio. Following Cooper et al. (2004), we regress 
the time-series of momentum returns on an up state dummy vari- 
able and a down state dummy variable, with no intercept to test 
if the mean momentum returns are equal to zero (Momret = al x 
UP Dummy + a2 x DOWN Dummy). Also, in order to test for the dif- 
ference in momentum returns between up and down states, we 
regress the time-series of momentum returns on an intercept and 
an up state dummy (Momret = a + b x UP Dummy). Using this ap- 
proach, we are able to preserve the full time-series of observations, 
and reliably estimate the standard errors by taking into account 
any possible serial correlation.
Panel A of Table 2 presents the mean returns of the decile port- 
folios and WML in up- and down-CF states. The corresponding t- 
statistics, computed with a heteroscedasticity and auto-correlation 
consistent (HAC) estimate of the variance, are presented in paren- 
theses. We set the number of lags equal to five, as the number of 
overlapping months for six-month formation - six-month holding 
period momentum strategy is five.
As seen in this panel, mean returns increase monotonically as 
we go from the loser portfolio to the winner portfolio in up-CF 
states and the mean return for WML is strongly significant 1.28% 
per month. In down-CF states, however, there is no obvious rela- 
tion between past cumulative returns and holding period returns,
Table 2
Momentum returns conditional on cash flow and discount rate news.
All NYSE and AMEX firms are sorted into deciles based on their lagged six-month returns from t-6 to t-1, skipping month t. Stocks priced less than $1 at the end of month 
t are excluded. Returns to each of these deciles are cumulated over the next 6 months from t+1 to t+6. Mean monthly returns along with t-statistics (in parenthesis) are 
reported for the period 1930-2013. Standard errors are calculated by employing a heteroscedasticity and autocorrelation consistent (HAC) estimate of the variance, while 
the number of lags is set equal to 5, the number of overlapping months. A first-order VAR model as described in Table 1 including a constant, the log market return, term 
yield spread, price-earnings ratio, and small stock value spread is employed to obtain cash flow news and discount rate news. Non-negative (negative) returns over months 
1-6 to 1-1 define up (down) states. The number of observations for each state (N) is also reported.
Panel A. Cash flow states
Loser 2 3 4 5 6 7 8 9 Winner WML
Up —0.20% 0.23% 0.44% 0.53% 0.60% 0.66% 0.76% 0.83% 0.94% 1.08% 1.28%
(N=536) (-0.84) (1.14) (2.30) (2.84) (3.25) (3.60) (4.14) (4.34) (4.63) (4.61) (11.65)
Down 1.35% 1.43% 1.41% 1.36% 1.35% 1.33% 1.27% 1.32% 1.36% 1.64% 0.29%
(N=467) (3.05) (3.81) (4.22) (4.39) (4.71) (4.89) (4.91) (5.29) (5.42) (5.72) (1.10)
Up-down -1.55% -1.20% -0.97% -0.83% -0.75% -0.67% -0.51% -0.49% -0.42% -0.56% 1.00%
(-3.38) (-3.10) (-2.78) (-2.59) (-2.48) (-2.32) (-1.84) (-L79) (-1.52) (-1.77) (3.62)
Panel B. Discount rate states
Loser 2 3 4 5 6 7 8 9 Winner W-L
Up 0.62% 0.81% 0.87% 0.90% 0.89% 0.90% 0.91% 0.96% 0.99% 1.17% 0.55%
(N=472) (1.59) (2.44) (2.96) (3.3) (3.53) (3.8) (4.09) (4.44) (4.66) (4.82) (2.19)
Down 0.43% 0.77% 0.91% 0.93% 0.99% 1.03% 1.08% 1.15% 1.27% 1.50% 1.06%
(N=531) (1.44) (3.12) (3.96) (4.24) (4.69) (4.87) (5.00) (5.27) (5.44) (5.52) (8.40)
Up-Down 0.19% 0.04% -0.04% -0.03% -0.10% -0.13% -0.17% -0.20% -0.28% -0.33% -0.52%
(0.42) (0.10) (-0.11) (-0.08) (-0.35) (-0.47) (-0.63) (-0.75) (-1.04) (-1.08) (-1.97)
Table 3
Momentum returns conditional on cash flow and discount rate news - sub-periods.
All NYSE and AMEX firms are sorted into deciles based on their lagged six-month returns from t-6 to t—1, skipping month t. Stocks priced less than $1 
at the end of month t are excluded. Returns to each of these deciles are cumulated over the next 6 months from t+1 to t+6. Mean monthly returns along 
with t-statistics (in parenthesis) are reported for the winner, loser and momentum portfolios for the four sub-periods, 1930-1964, 1965-1989, 1990-1999, and 
2000-2013. Standard errors are calculated by employing a heteroskedasticity and autocorrelation consistent (HAC) estimate of the variance, while the number 
of lags is set equal to 5, the number of overlapping months. A first-order VAR model as described in Table 1 including a constant, the log market return, term 
yield spread, price-earnings ratio, and small stock value spread is employed to obtain cash flow news and discount rate news. Non-negative (negative) returns 
over months t-6 to t-1 define up (down) states. The number of observations for each state (N) is also reported.
Panel A. Before 1965 (N=422)
All
Cash flow states Discount rate states
Up Down Diff Up Down Diff
Loser 1.08% 0.44% 1.79% -1.35% 0.70% 1.43% -0.73%
(2.34) (113) (2.35) (-1.77) (1.18) (2.49) (-0.99)
Winner 1.58% 1.33% 1.87% -0.53% 1.12% 2.03% -0.91%
(4.37) (3.22) (3.91) (-1.03) (3.22) (3.85) (-1.7)
WML 0.51% 0.90% 0.08% 0.82% 0.41% 0.60% -0.19%
(2.49) (6.14) (0.2) (1.99) (1.19) (3.04) (-0.49)
Panel B. Jegadeesh and Titman (1993) sample (1965-1989) (N=300)
Loser -0.07%
(-0.16)
-0.96%
(-2.18)
1.01%
(1.65)
-1.97%
(-2.87)
0.11%
(0.19)
-0.26%
(-0.6)
0.38%
(0.55)
Winner 1.16% 0.68% 1.75% -1.07% 1.16% 1.17% -0.02%
(3.2) (1.66) (3.4) (-1.87) (2.51) (2.59) (-0.03)
WML 1.23% 1.64% 0.74% 0.90% 1.04% 1.44% -0.40%
(6.09) (7.29) (2.68) (2.92) (3.5) (6.7) (-1.19)
Panel C. Jegadeesh and Titman (2001) sample (1990-1999)(N=120)
Loser -0.21% -0.42% -0.02% -0.40% 0.50% -0.47% 0.97%
(-0.47) (-0.82) (-0.03) (-0.46) (0.66) (-1.06) (1.31)
Winner 1.44% 1.72% 1.19% 0.52% 1.97% 1.25% 0.72%
(4.27) (3.69) (2.76) (0.87) (3.92) (3.42) (1.39)
WML 1.65% 2.14% 1.21% 0.93% 1.47% 1.72% -0.25%
(5.8) (8.37) (2.95) (2.20) (3.08) (5.32) (-0.47)
Panel D. 2000 s (Jan. 2000-May.2013) (N=161)
Loser 0.71%
(0.94)
-0.27%
(-0.53)
2.00%
(139)
-2.26%
(-1.58)
1.45%
(1.2)
0.01%
(0.01)
1.44%
(1.19)
Winner 0.96% 0.80% 1.17% -0.37% 0.98% 0.93% 0.05%
(1.96) (1.75) (1.42) (-0.44) (1.56) (1.69) (0.07)
WML 0.25% 1.06% -0.83% 1.90% -0.47% 0.93% -1.39%
(0.46) (4.45) (-0.73) (2.30) (-0.47) (3.39) (-1.48)
and the mean momentum portfolio return is not significantly dif- 
ferent from zero. We also compute the difference in returns for 
these portfolios in up- and down-CF states and document that the 
mean momentum portfolio return is significantly higher by 1.00% 
per month during up-CF states.10
We perform a similar analysis based on up- and down-DR states 
and present the results of this analysis in Panel B of Table 2. In 
this case, mean returns increase as we go from the loser decile 
to the winner decile in both up- and down-DR states. Although 
momentum profits are significant in both states, the mean return 
is marginally higher (0.52%) in down-DR states. The difference be- 
tween momentum returns across up and down states, however, is 
much smaller compared to that across up- and down-CF states.11
The results presented in this section suggest that momentum 
profits in up-CF states are significantly higher than that in down-CF 
states, and this difference in momentum profits is primarily driven 
by the continuation of the underperformance of losers in up-CF 
states. This finding is supportive of our contention that permanent 
increases in wealth accentuate cognitive dissonance. Therefore, in- 
vestors underreact to conflicting bad firm-specific news in up-CF 
states, slowing the diffusion of such news for the loser stocks 
among investors. This is also consistent with the notion that ar- 
bitraging away underreaction to negative news through short sell- 
ing is more costly than arbitraging away underreaction to positive 
news through buying. Our results also indicate that losers signifi- 
cantly underperform winners in both up-DR and down-DR states. 
Furthermore, the difference between returns of losers in up-DR 
and down-DR states is insignificant. This suggests that increases in 
wealth due to discount rate news (down-DR states) do not accen- 
tuate the cognitive dissonance among investors towards negative 
firm specific news as the effect of discount rate news on wealth is 
transitory.
3.2. Sub-period analysis
We also perform a sub-period analysis to examine whether 
the conditioning effect of past cash flow news on momentum 
returns is robust in different time periods. To this end, we 
divide our sample period into four subperiods, 1930-1964,
Table 4
Momentum returns conditional on past market returns, cash flow news and discount rate news.
All NYSE and AMEX firms are sorted into deciles based on their lagged six-month returns from t-6 to t-1, skipping month t. Stocks priced less than $1 at the end of month 
t are excluded. Returns to each of these deciles are cumulated over the next 6 months from t+1 to t+6. Mean monthly returns along with t-statistics (in parenthesis) are 
reported for the period 1930 to 2013. Standard errors are calculated by employing a heteroskedasticity and autocorrelation consistent (HAC) estimate of the variance, while 
the number of lags is set equal to 5, the number of overlapping months. A first-order VAR model described in Table 1 including a constant, the log market return, term 
yield spread, price-earnings ratio, and small stock value spread is employed to obtain cash flow news and discount rate news. Non-negative returns (negative) over month’s 
t-6 to t-1 define up (down) states. Positive (negative) returns of the VW CRSP index over months t—12 to t-1 define up (down) states based on market returns. Panels A 
and B report the results for up and down states based on past market returns, respectively. The number of observations for each state (N) is also reported.
Panel A. Down states based on past 12 months VW market returns
CF state Loser 2 3 4 5 6 7 8 9 Winner WML
Up 0.25% 0.52% 0.63% 0.79% 0.81% 0.88% 1.00% 1.02% 1.07% 1.27% 1.01%
(N=105) (0.37) (0.85) (1.12) (1.41) (1.50) (1.67) (1.94) (1.97) (2.01) (2.11) (3.60)
Down 2.65% 2.31% 2.02% 1.90% 1.71% 1.65% 1.58% 1.50% 1.47% 1.73% -0.92%
(N=169) (2.59) (2.53) (2.49) (2.48) (2.44) (2.43) (2.50) (2.49) (2.49) (2.66) (-1.54)
Up-down -2.40% -1.79% -1.39% -1.11% -0.91% -0.77% -0.59% -0.48% -0.40% -0.47% 1.93%
(-2.27) (-1.97) (-1.69) (-1.43) (-1.26) (-1.11) (-0.92) (-0.77) (-0.67) (-0.71) (2.92)
DR state Loser 2 3 4 5 6 7 8 9 Winner WML
Up 1.45% 1.41% 1.29% 1.28% 1.16% 1.12% 1.06% 1.05% 0.98% 1.21% -0.24%
(N=206) (1.89) (2.11) (2.17) (2.29) (2.24) (2.32) (2.36) (2.48) (2.43) (2.70) (-0.47)
Down 2.57% 2.26% 2.09% 2.06% 2.00% 2.05% 2.25% 2.12% 2.34% 2.58% 0.02%
(N=68) (2.08) (2.04) (1.98) (2.01) (2.02) (2.07) (2.21) (2.12) (2.21) (2.20) (0.05)
Up-down -1.11% -0.85% -0.79% -0.78% -0.84% -0.93% -1.19% -1.08% -1.36% -1.37% -0.26%
(-0.82) (-0.71) (-0.71) (-0.73) (-0.81) (-0.9) (-1.14) (-1.04) (-1.25) (-1.16) (-0.48)
Panel B. Up states based on past 12 months VW market returns
CF state Loser 2 3 4 5 6 7 8 9 Winner WML
up -0.31% 0.16% 0.40% 0.46% 0.55% 0.61% 0.71% 0.79% 0.91% 1.04% 1.35%
(N=431) (-1.29) (0.82) (2.09) (2.55) (3.01) (3.29) (3.79) (4.05) (4.34) (4.29) (11.62)
Down 0.61% 0.93% 1.06% 1.06% 1.14% 1.15% 1.09% 1.22% 1.30% 1.58% 0.97%
(N=298) (1.72) (3.37) (4.19) (4.66) (5.32) (5.64) (5.36) (5.85) (5.95) (6.11) (5.24)
Up-down -0.92% -0.77% -0.67% -0.60% -0.59% -0.55% -0.39% -0.44% -0.39% -0.55% 0.38%
(-2.43) (-2.51) (-2.34) (-2.29) (-2.38) (-2.25) (-1.61) (-1.75) (-1.48) (-1.77) (2.02)
DR state Loser 2 3 4 5 6 7 8 9 Winner WML
Up -0.03% 0.34% 0.55% 0.61% 0.69% 0.74% 0.79% 0.89% 1.00% 1.13% 1.16%
(N=266) (-0.11) (1.48) (2.59) (3.08) (3.68) (3.96) (4.28) (4.55) (4.87) (4.7) (8.38)
Down 0.12% 0.56% 0.74% 0.76% 0.85% 0.88% 0.91% 1.01% 1.11% 1.34% 1.22%
(N=463) (0.43) (2.47) (3.57) (3.93) (4.48) (4.7) (4.75) (5.14) (5.31) (5.40) (8.94)
Up-down -0.15% -0.21% -0.19% -0.15% -0.16% -0.15% -0.11% -0.12% -0.11% -0.21% -0.06%
(-0.45) (-0.78) (-0.75) (-0.65) (-0.71) (-0.67) (-0.52) (-0.54) (-0.46) (-0.71) (-0.36)
1965-1989, 1990-1999, and 2000-2013. The first sub-period is the 
period before Jegadeesh and Titman’s (1993) sample period; the 
second is the Jegadeesh and Titman (1993) sample period; the 
third is the period which Jegadeesh and Titman (2001) use as an 
out-of-sample period; and the last is the period following the out- 
of-sample period in Jegadeesh and Titman (2001). We perform the 
same analysis above for these sub-periods and report the results in 
Table 3.12
The mean return for WML is significantly positive during up- 
CF states in all four subperiods. During down-CF states, however, 
the mean return for WML is significantly different from zero only 
in the second (1965-1989) and the third (1990-1999) subperiods. 
Importantly, the mean return for WML is significantly higher in 
up-CF states than in down-CF states in all sub-periods. This sug- 
gests that the conditioning effect of cash flows news on momen- 
tum returns is robust across different time periods. The results 
in Table 3 also show that momentum returns are slightly higher 
in down-DR states than in up-DR states. This difference, how- 
ever, is not statistically significant in any of the four sub-periods 
considered.
3.3. Momentum conditional on past market returns and cash flow 
and discount rate news
Cooper et al. (2004) report that momentum strategy is prof- 
itable only following up-market states, periods with positive past 
cumulative market returns. They argue that behavioral biases in- 
crease after high market returns, which leads to overreaction 
and consequently to higher momentum profits. We report in 
Section 2 a positive (negative) correlation between the states based 
on market returns and those based on cash flow (discount rate) 
news.
To ensure that the results presented in the previous sections are 
not driven by the effect of market returns on the profitability of 
momentum strategy, we need to control for this effect. To this end, 
we first identify the up and down states based on past cumulative 
market returns, where the months with positive (negative) cumu- 
lative returns of the value weighted CRSP index over months the 
past months, t—12 to t—1, are defined as up market (down market) 
state. We then identify up and down states based on cash flow and 
discount rate news separately as in Section 3.1 during up-market 
and down market states. Finally, we compute the mean holding 
period returns of the momentum decile portfolios and WML as de- 
scribed in Section 3.1.
Panel A of Table 4 presents these mean returns for the up and 
down states based on cash flow news and discount rate news
during down markets. Even during down markets based on past 
market returns, there is a strong positive relation between holding 
period returns and past cumulative returns in up-CF states. Fur- 
thermore, the mean return for WML is 1.01%, which is economi- 
cally and statistically (1% level) significant. During down-CF states, 
however, the mean return for WML is negative, but insignificant. 
The difference between the mean holding period returns for WML 
in up and down states based on cash flow news during down mar- 
kets is 1.93%, significant at the 1% level. We repeat the same anal- 
ysis for up- and down-DR states during down markets and find 
that the momentum strategy does not generate returns signifi- 
cantly different from zero in either discount rate state during down 
markets.
In Panel B of Table 4, we report the results for the up markets 
based on past 12 months of value-weighted market returns. During 
up markets, mean momentum portfolio return is significantly pos­
itive in both up- and down-CF states, but it is significantly higher 
during up-CF states. In contrast, there is no significant difference 
between the mean momentum portfolio returns in up- and down- 
DR states.
Overall, our findings suggest that momentum portfolio returns 
are significantly higher during up-CF states even after controlling 
for up and down markets based on past market returns. More- 
over, momentum portfolio is profitable during the up-CF states 
even when these periods coincide with down markets. Conversely, 
the effect of the discount rate news on the momentum portfo- 
lio returns is no longer evident after controlling for past market 
returns.
3.4. Momentum returns conditional on sentiment, cash flow news 
and discount rate news
Antoniou et al. (2013) argue that news diffuses slowly if it con- 
tradicts with the investor sentiment due to cognitive dissonance 
in investors. They contend that due to slow diffusion of bad news 
during periods of high sentiment losers become overpriced. Con- 
sistent with this argument, they document that momentum port- 
folio generates significantly positive returns only during periods 
of investor optimism. In this section, we address this argument 
by examining whether past cash flow and discount rate news 
can predict momentum returns after controlling for the investor 
sentiment.
We first compute the investor sentiment for each month from 
April 1967 to December 2010, when Conference Board (CB) senti- 
ment data is available. More specifically, following Antoniou et al. 
(2013), for each month t, we calculate sentiment as the weighted 
average of past three month’s residual sentiment with weights 
0.5 for month f-1, 0.33 for month f-2 and 0.17 for month t—3. 
We then split our sample period into 10 investor sentiment states 
based on the three-month rolling average sentiment time se- 
ries. We compute the mean returns to the loser, winner, and 
momentum portfolios (WML) for each of these 10 investor senti- 
ment levels. The mean returns for these portfolios are computed 
as discussed in Section 3.1. Panel A of Table 5 presents these 
mean returns and the corresponding t-statistics for each of the 
sentiment states. WML is not profitable during the bottom two 
sentiment states. However, during the remaining eight sentiment 
states WML generates positive and significant returns.
We next classify the bottom two states (remaining states) as the 
pessimistic (optimistic) periods.13 We then identify up and down 
states based on cash flow news and discount rate news separately 
as described in Section 3.1 during the pessimistic and optimistic
periods. Panel B of Table 5 presents the mean returns to the decile 
portfolios and WML constructed as described in Section 3.1 for the 
up and down states separately based on cash flow news and dis- 
count rate news during pessimistic periods. Even during these pes- 
simistic periods, there is a strong positive relation between past 
cumulative returns and holding period returns when cash flow 
news indicates an up state. In addition, the mean monthly return 
for WML is 1.25%, which is statistically and economically signif- 
icant. In contrast, when cash flow news indicates a down state 
momentum portfolio is not profitable. The difference between mo- 
mentum returns in up- and down-CF states is also significant. On 
the other hand, past discount rate news has no effect on mo- 
mentum returns during pessimistic periods. Momentum portfolio 
is not profitable in both up- and down-DR states during pessimistic 
periods.
Panel C of Table 5 presents the results for optimistic periods. 
Although the momentum portfolio is profitable in both up- and 
down-CF states during optimistic periods, the momentum portfo- 
lio generates significantly higher returns (0.62% monthly) in up-CF 
states. Conversely, similar to the evidence reported for pessimistic 
periods discount rate news does not affect the profitability of the 
momentum portfolio during optimistic periods.
Overall, our results suggest that past cash flows news predict 
future momentum returns even after controlling for investor senti­
ment. The striking finding is that the momentum strategy is prof­
itable even during pessimistic periods if cash flow news indicates 
an up state. However, the conditioning effect of past discount rate 
news on momentum returns is subsumed by investor sentiment. 
These findings suggest that cognitive dissonance is at play even 
in pessimistic sentiment periods when cash flow news is positive. 
This may be because investors are paying close attention to the 
cash flow news.
3.5. Alternative model specifications
We acknowledge that the results of Section 3.1 are based on 
a particular VAR model which is used to decompose unexpected 
market returns during the formation period into components due 
to cash flow news and discount rate news. In this section, we ex- 
amine the sensitivity of these results to changes in the model spec- 
ification. To this end, following Chen and Zhao (2009) we employ 
alternative model specifications that use various combinations of 
predictive variables including 1-year PE ratio, dividend yield, book- 
to-market ratio, BM spread, market variance, and equity share in 
addition to the four factors we use in our initial tests. 1-year PE ra- 
tio is defined as the log one-year smoothed S&P 500 price-earnings 
ratio. Dividend yield is the dividend-price ratio of the market port- 
folio, book-to-market is the book-to-market ratio of the Dow Jones 
Industrial average as in Pontiff and Schall (1998). BM spread is the 
book-to-market ratio of value stocks minus that of growth stocks, 
market variance is the sum of squared daily returns of S&P 500. 
Equity share is the share of equity issues in total new issues as in 
Baker and Wurgler (2000).
Panel A of Table 6 presents the predictive variables that are 
used in alternative model specifications to estimate the DR news 
and the CF news. Chen and Zhao (2009) suggest that, as the 10- 
year PE ratio is highly persistent, it becomes the dominant factor in 
the main model of Campbell and Vuolteenaho (2004) which uses 
excess return, term spread, and value spread in addition to the 10- 
year PE ratio as the predictive variables. Therefore, we replace the 
10-year PE by the less persistent 1-year PE ratio in model 1. In 
models 2 and 3, the 10-year PE ratio is replaced by the dividend 
yield and the book-to-market ratio, respectively. These variables 
are used alternatively with 10-year PE ratio as expected return 
proxies in various studies (e.g., Pontiff and Shall, 1998; Lewellen, 
1999). In model 4, the 10-year PE ratio is replaced by the BM
Table 5
Momentum returns conditional on sentiment, cash flow news and discount rate news.
All NYSE and AMEX firms are sorted into deciles based on their lagged six-month returns from t-6 to t-1, skipping month t. Stocks priced less than $1 at the end of 
month t are excluded. Returns to each of these deciles are cumulated over the next 6 months from t+1 to t+6. A first-order VAR model as described in Table 1 including 
a constant, the log market return, term yield spread, price-earnings ratio, and small stock value spread is employed to obtain cash flow news and discount rate news. 
Nonnegative returns (negative) over months t-6 to t-1 define up (down) states. Sentiment is measured as the residual of the regression of Conference Board Sentiment 
Index on growth in industrial production, real growth in durable, nondurable and services consumption, growth in employment and an NBER recession indicator. For each 
month t, sentiment is calculated as the weighted average of past three month’s residual sentiment with weights 0.5 for month t-1, 0.33 for month t-2 and 0.16 for month 
t-3. Panel A reports the equal-weighted returns of loser, winner and momentum portfolios (WML) for each of the sentiment deciles. Panel B reports the results for up 
and down Cash Flow news states and Discount Rate news states within the bottom 20% sentiment states (pessimistic sentiment). Panel C reports the results for up and 
down Cash Flow news states and Discount Rate news states within the top 80% sentiment states (optimistic sentiment). Standard errors are calculated by employing a 
heteroskedasticity and autocorrelation consistent (HAC) estimate of the variance, while the number of legs is set at the number of overlapping period of 5 months. The 
sample period is from April 1967 to December 2010 where CB sentiment data is available. The number of observations for each state (N) is also reported.
Panel A. Momentum returns and sentiment
Residual conference board sentiment
Low 2 3 4 5 6 7 8 9 High
Loser 3.13% 1.92% 0.27% -0.58% -0.21% -0.47% -1.58% -0.56% -0.82% -1.51%
(2.36) (216) (0.45) (-0.89) (-0.49) (-0.82) (-2.47) (-0.81) (-1.41) (-2.18)
Winner 2.37% 1.66% 1.32% 0.68% 0.91% 0.82% 0.39% 1.01% 0.85% 0.78%
(5.28) (2.91) (1.54) (1.08) (1.73) (1.87) (0.93) (2.37) (1.56) (0.9)
WML -0.75% -0.26% 1.05% 1.26% 1.11% 1.29% 1.96% 1.58% 1.67% 2.29%
(-0.59) (-0.46) (2.44) (416) (3.86) (5.11) (5.93) (4.96) (4.89) (5.76)
Panel B. Pessimistic sentiment (N=105)
CF state Loser 2 3 4 5 6 7 8 9 Winner WML
Up (N=48) -0.04% 0.53% 0.72% 0.74% 0.77% 0.81% 0.82% 0.98% 1.03% 1.21% 1.25%
(-0.06) (1.1) (1.75) (1.92) (2.09) (2.28) (2.1) (2.49) (2.29) (2.05) (4.76)
Down (N=57) 4.69% 3.86% 3.40% 3.15% 2.81% 2.69% 2.48% 2.51% 2.55% 2.70% -1.99%
(3.75) (4.96) (5.42) (5.71) (6.36) (6.72) (6.41) (6.51) (6.57) (5.55) (-1.65)
Up-down -4.72% -3.33% -2.69% -2.41% -2.04% -1.88% -1.67% -1.54% -1.51% -1.48% 3.24%
(-3.42) (-3.65) (-3.64) (-3.70) (-3.72) (-3.81) (-3.39) (-3.11) (-2.83) (-2.12) (2.67)
DR state Loser 2 3 4 5 6 7 8 9 Winner WML
Up (N=40) 4.17% 3.30% 2.99% 2.74% 2.33% 2.12% 2.02% 1.97% 1.90% 2.15% -2.02%
(2.37) (2.85) (3.14) (3.36) (3.54) (3.47) (3.61) (3.75) (3.63) (3.3) (-1.12)
Down (N=65) 1.52% 1.74% 1.67% 1.62% 1.60% 1.66% 1.54% 1.71% 1.82% 1.94% 0.42%
(2.48) (3.94) (4.49) (4.43) (4.51) (4.75) (4.14) (4.5) (4.47) (3.8) (1.43)
Up-down 2.65% 1.56% 1.32% 1.11% 0.72% 0.45% 0.48% 0.27% 0.08% 0.22% -2.44%
(1.48) (1.29) (1.31) (1.28) (0.99) (0.66) (0.72) (0.42) (0.12) (0.26) (-1.37)
Panel C. Optimistic sentiment (N=4I9)
CF state Loser 2 3 4 5 6 7 8 9 Winner WML
Up (N=228) -1.00% -0.36% -0.03% 0.13% 0.23% 0.30% 0.44% 0.52% 0.67% 0.81% 1.81%
(-2.95) (-1.2) (-0.09) (0.49) (0.91) (1.22) (1.86) (2.11) (2.61) (2.7) (10.28)
Down (N=191) -0.30% 0.31% 0.54% 0.63% 0.72% 0.76% 0.73% 0.75% 0.74% 0.89% 1.19%
(-0.63) (0.74) (1.37) (1.76) (2.17) (2.41) (2.39) (2.36) (2.13) (2.08) (5.52)
Up-down -0.70% -0.67% -0.56% -0.50% -0.50% -0.46% -0.28% -0.23% -0.07% -0.08% 0.62%
(-1.26) (-1.38) (-1.25) (-1.2) (-1.27) (-1.24) (-0.78) (-0.62) (-0.19) (-0.16) (2.48)
DR state Loser 2 3 4 5 6 7 8 9 Winner WML
Up (N=201) -0.44% 0.07% 0.30% 0.47% 0.50% 0.61% 0.65% 0.74% 0.81% 0.89% 1.33%
(-0.98) (0.17) (0.79) (1.35) (1.53) (1.94) (2.17) (2.45) (2.53) (2.35) (6.25)
Down (N=218) -0.90% -0.16% 0.17% 0.25% 0.41% 0.42% 0.50% 0.51% 0.61% 0.81% 1.71%
(-2.96) (-0.63) (0.7) (1.14) (1.93) (2.03) (2.48) (2.38) (2.54) (2.73) (9.71)
Up-down 0.47% 0.23% 0.13% 0.22% 0.10% 0.19% 0.15% 0.24% 0.21% 0.09% -0.38%
(1.00) (0.58) (0.34) (0.62) (0.29) (0.6) (0.49) (0.76) (0.63) (0.21) (-1.53)
spread. Liu and Zhang (2008) provide evidence that BM spread 
can pick up the counter-cyclicality of the expected return better 
than the value spread. In addition, Chen and Zhao (2009) argue 
that including this variable in the VAR model improves the predic- 
tive power, and hence it is a good proxy for expected return. In 
model 5, we also include equity share variable. Baker and Wurgler 
(2000) argue that equity share is a strong predictor of market re- 
turns. In model 6, in addition to the three predictive variables used 
in the main model (excess return, term spread, and value spread), 
we include 1-year PE ratio, book-to-market ratio, market variance, 
and equity share as the predictive variables as in Model 7 in Table 
2 of Chen and Zhao (2009).
We repeat the same analysis performed in Section 3.1 for these 
six alternative model specifications, which are used to decompose
unexpected market returns (RM) during the formation period into 
components due to cash flow news and discount rate news.14 As in 
Section 3.1 we identify event months (t) with non-negative cumu- 
lative NCF/NDR over the past six months (t-6 to t-1) as up-CF/DR 
states, and with negative news over the past six months as down- 
CF/DR states for each of these six model specifications. We then 
compute the mean returns for the loser, winner and the momen- 
tum portfolio (WML), separately for the up and down states for
Table 6
Momentum returns conditional on cash flow and discount rate news-alternative model specifications.
Six alternative first-order VAR models including a constant, the log market return, term yield spread, small stock value spread and various combinations of predictive 
variables including 1-year PE ratio, dividend yield, book-to-market ratio, BM spread, market variance, and equity share are employed to obtain cash flow news and discount 
rate news. Panel A presents the predictive variables that are used in these six alternative model specifications. Non-negative returns (negative) over months t-6 to t-1 
define up (down) states. All NYSE and AMEX firms are sorted into deciles based on their lagged six-month returns from t-6 to t-1, skipping month t. Stocks priced less 
than $1 at the end of month t are excluded. Returns to bottom (loser), top (winner) deciles and the momentum portfolio (WML) that buys winner portfolio and sells 
loser portfolio are cumulated over the next 6 months from t+1 to t+6. In Panel B and C, mean monthly returns along with t-statistics (in parenthesis) are reported for 
the period 1930-2013 for the up and down CF and DR states, respectively, for these six alternative model specifications. Standard errors are calculated by employing 
a heteroskedasticity and autocorrelation consistent (HAC) estimate of the variance, while the number of lags is set equal to 5, the number of overlapping months. The 
number of observations for each state (N) is also reported.
Panel A. Predictive variables used in alternative model specifications
Main Alternative model specifications
Predictive variables Model 1 2 3 4 5 6
Excess return + + + + + + +
Term spread + + + + + + +
10-year PE ratio +
Value pread + + + + + + +
1-year PE ratio + +
Dividend yield +
Book-to-market ratio + +
BM spread + +
Market variance +
Equity share + +
Panel B. Momentum returns in UP-and DOWN-CF states using alternative model specifications
Model 1 Model 2
Loser Winner W-L Loser Winner W-L
Up (N=537) -0.11% 1.15% 1.26% Up (N=549) -0.28% 1.03% 1.32%
(-0.43) (5.09) (11.13) (-1.11) (4.34) (11.67)
Down (N=466) 1.25% 1.56% 0.31% Down (N=454) 1.49% 1.71% 0.22%
(2.83) (5.07) (1.19) (3.36) (5.69) (0.84)
Up-down -1.36% -0.40% 0.95% Up-down -1.77% -0.68% 1.09%
(-2.87) (-1.20) (3.46) (-3.75) (-1.99) (3.92)
Model 3 Model 4
Up (N=540) -0.29% 1.01% 1.30% Up (N=544) 0.26% 1.45% 1.19%
(-1.18) (4.48) (10.5) (0.85) (5.51) (9.16)
Down (N=463) 1.41% 1.71% 0.30% Down (N=459) 0.83% 1.21% 0.39%
(3.15) (5.26) (1.20) (2.01) (4.37) (1.49)
Up-down -1.70% -0.70% 1.00% Up-down -0.56% 0.24% 0.80%
(-3.66) (-1.97) (3.82) (-1.95) (0.69) (2.86)
Model 5 Model 6
Up (N=558) 0.28% 1.47% 1.19% Up (N=549) -0.21% 1.10% 1.31%
(0.87) (5.50) (8.95) (-0.84) (4.89) (10.65)
Down (N=445) 0.81% 1.19% 0.38% Down (N=454) 1.36% 1.62% 0.26%
(1.91) (4.17) (1.43) (2.98) (4.88) (1.03)
Up-down -0.53% 0.28% 0.81% Up-down -1.57% -0.52% 1.05%
(-1.99) (1.04) (2.92) (-3.26) (-1.43) (3.92)
Panel C. Momentum returns in UP-and DOWN-DR states using alternative model specifications
Model 1 Model 2
Up (N=504) 0.32% 1.17% 0.85% Up (N=475) 0.35% 0.97% 0.62%
(1.04) (4.83) (5.55) (0.94) (3.76) (2.65)
Down (N=499) 0.73% 1.52% 0.79% Down (N=528) 0.67% 1.67% 1.00%
(1.87) (5.08) (3.47) (2.06) (6.11) (6.99)
Up-down -0.41% -0.35% 0.06% Up-down -0.32% -0.71% -0.38%
(-0.90) (-1.00) (0.22) (-0.72) (-2.08) (-1.51)
Model 3 Model 4
Up (N=481) 0.68% 1.35% 0.67% Up (N=495) 0.38% 1.38% 0.99%
(1.79) (5.44) (3.05) (1.27) (6.00) (6.93)
Down (N=522) 0.38% 1.34% 0.95% Down (N=508) 0.66% 1.31% 0.65%
(1.21) (4.81) (6.01) (1.7) (4.41) (2.81)
Up-down 0.30% 0.01% -0.28% Up-down -0.27% 0.07% 0.34%
(0.70) (0.05) (-1.21) (-0.62) (0.20) (1.33)
Model 5 Model 6
Up (N=502) 0.40% 1.38% 0.98% Up (N=483) 0.55% 1.28% 0.73%
(1.27) (5.87) (6.72) (1.51) (5.00) (3.63)
Down (N=501) 0.64% 1.31% 0.67% Down (N=520) 0.49% 1.40% 0.90%
(1.61) (4.26) (2.81) (1.39) (4.91) (4.34)
Up-down -0.24% 0.08% 0.31% Up-down 0.05% -0.12% -0.18%
(-0.52) (0.22) (1.18) (0.12) (-0.36) (-0.62)
these alternative model specifications. Panel B of Table 6 presents 
these mean returns and the corresponding t-statistics (in parenthe- 
sis) computed with a heteroskedasticity and auto-correlation con- 
sistent (HAC) estimate of the variance for up- and down-CF states. 
The results for the alternative model specifications are similar to 
the main specification in our Section 3.1. Momentum portfolio re- 
turns are significantly positive during up-CF news and not signifi- 
cantly different from zero during down-CF states. In addition, the 
difference between momentum portfolio returns during up- and 
down-CF states is positive and significant for all alternative model 
specifications. The findings for the up- and down-DR states, re- 
ported in Panel C, are also similar to those for the main model 
specification. Therefore, we conclude that our results are not sen- 
sitive to alternative model specifications that are employed to de- 
compose unexpected market returns during the formation period 
into cash flow and discount rate news components.
3.6. Risk-adjustments
In this section, we address the possibility that the higher mo- 
mentum portfolio returns in up-CF states is driven by higher load- 
ings on risk factors. Following Cooper et al. (2004) and Antoniou 
et al. (2013), we form a time-series of the raw momentum returns 
corresponding to the each event month of the holding period. We 
run time-series regressions of raw portfolio returns in excess of 
risk free rate on the standard set of risk factors used in extant em- 
pirical studies to estimate the factor loadings for each portfolio and 
for each holding period month. We then use these factor loadings 
to estimate the CAPM and Fama-French (1993) risk-adjusted prof- 
its as follows:
= (7)
i
where rkt is the raw return for the portfolio in holding period
month k, for k=l,2.... 6, in calendar month t, fit is the realization
of factor i in calendar month t, and βik is the estimated loading 
of the raw return of the portfolio on fjk for holding period month 
k. As risk factors, we use the excess return of the value-weighted 
market index over the 1-month T-bill return as the factor for the 
CAPM adjustment, and the return differential between small and 
big companies (SMB) and high and low book-to-market companies 
(HML) as the additional factors for the Fama-French (1993) three- 
factor (FF3) model. Finally, the monthly CAPM-adjusted and FF3 
adjusted returns are cumulated over the holding period for each 
event month.
Table 7 presents the mean monthly abnormal returns along 
with robust t-statistics. In Panel A, the CAPM and FF3 excess re- 
turn differences in momentum returns between up- and down-CF 
states are 0.86% (t=3.65) and 0.71% (t=3.22), respectively. Further- 
more, the higher momentum portfolio return in up-CF states is 
entirely driven by the underperformance of losers. The losers in 
up-CF states underperform by 0.96% (t=4.04) and 0.60% (t=3.62) 
based on the CAPM and FF3 models, respectively.15 Conversely, 
there is no significant difference in momentum portfolio return be- 
tween up- and down-DR states. Panels B and C of Table 7 present 
these mean abnormal returns for the up- and down-CF/DR states 
during down markets and pessimistic states, respectively. The pat- 
terns of momentum portfolio returns are in line with the previous 
findings based on raw returns in our previous tables. Thus, we con- 
clude that the higher momentum returns in up-CF states cannot be 
explained by the risk premiums implied by standard asset pricing 
models such as CAPM and Fama and French (1993).
3.7. Multivariate time series regressions using continuous measures
We examine the relation between momentum and past cash 
flow and discount rate news, past market returns and investor sen­
timent as continuous variables or as dummy variables in a multi­
variate regression framework. The purpose is to examine whether 
the predictive role of past cash flow news is robust to the inclusion 
of other state variables. To this end, we run a time-series regres­
sion of momentum profits on lagged cash flow news, discount rate 
news, and dummy variables for down states and pessimistic senti­
ment states in the following model:
Momret = a + b x X + e, (8)
where X may include, in different specifications in Table 8, past cu­
mulative cash flow news, past discount rate news, past market re­
turn, residual sentiment, dummy variable for down market states 
based on past market returns, dummy variable for pessimistic 
states based on residual sentiment, and interactions of dummy 
variables with cash flow news and discount rate news. Down Mar­
ket Dummy takes the value of 1(0) if the past 12 months market 
return is negative (non-negative). Similarly, Pessimistic Sentiment 
Dummy takes the value of 1(0) if the sentiment is within the bot­
tom 20% of the sentiment values. The variables other than dummy 
variables are measured in the same manner as in our portfolio 
analysis methodology.
Table 8 confirms the finding that past aggregate cash flow news 
positively predicts the momentum returns. In univariate regres­
sions, the slope coefficient on past cash flow news is 0.64, which 
is statistically significant at the 1% level. When we control for mar­
ket returns, sentiment, and discount rate news, past aggregate cash 
flow news is still able to significantly predict momentum at the 1% 
level in Model 5.
To be consistent with our portfolio analysis, we use dummy 
variables for down market states and pessimistic states to mea- 
sure any differential effect of cash flow news in different states of 
the market. In models (6)—(9), we include these dummy variables 
and their interactions with CF/DR news. In line with the evidence 
from our portfolio analysis, the results from these tests confirm 
that past cash flow news positively predicts momentum profits in 
both down and up market states and the effect of cash flow news 
is stronger in down markets and pessimistic states. The differen- 
tial effect is statistically significant at the 5% level. Past discount 
rate news, on the other hand, is not statistically significant at the 
conventional levels in either down markets or pessimistic states.
3.8. Long horizon performance of momentum strategies
In this section, we examine the long horizon pattern of mo- 
mentum profits conditioned on cash flow news during the five 
years after portfolio formation. According to Hong and Stein (1999), 
the second type of investors in their model, namely “momentum 
traders” make their investment decisions based on the past price 
changes. The initial underreaction by "newswatchers" (the first in- 
vestor type in the model) due to cognitive dissonance and gradual 
diffusion of news may increase the interest of momentum traders. 
As momentum traders pay attention only to price trends, some 
later momentum traders may cause an overreaction in stock prices. 
Hong and Stein (1999) further argue that the overreaction of mo- 
mentum traders may decline with their risk-aversion. As Cooper et 
al. (2004) argue, the level of risk-aversion may decline following 
increases in wealth, which coincides with periods of positive mar- 
ket returns.
Existing empirical evidence provides support for the 
overreaction explanation. Jegadeesh and Titman (1993, 
2001) show that momentum profits reverse in the period 
following the initial holding year, suggesting a mispricing
Table 7
Risk-adjusted returns.
This table presents the risk-adjusted returns of losers, winners, and momentum portfolios calculated from CAPM and Fama-French(1993). All NYSE and AMEX firms are 
allocated into deciles based on their lagged six-month returns from t-6 to t-1, skipping month t. Stocks priced less than $1 at the end of month t are excluded. A time- 
series of returns for each portfolio and holding period month is formed and regressed on excess market return(according to the CAPM) and excess market return, the SMB 
and HML factors (according to the FF(1993) three-factor model) to obtain loadings on risk factors. The loadings and realizations of factors are used to estimate the excess 
returns of portfolios. All market states based on cash flow news, discount rate news, market returns and sentiment are defined as in previous tables. Standard errors are 
calculated by employing a heteroscedasticity and autocorrelation consistent (HAC) estimate of the variance, while the number of legs is set at the number of overlapping 
period of 5 months. Panel A reports the excess returns (t-statistics) for univariate definition of states based on cash flow and discount rate news. Panel B reports the excess 
returns (t-statistics) for bivariate sorts based on cash flow, discount rate news and market returns. Panel C reports the excess returns (t-statistics) for bi-variate sorts based 
on cash flow, discount rate news and Conference Board Sentiment measure.
Panel A. Alphas of Table 2
CF state
CAPM Fama-French( 1993)
Loser Winner W-L Loser Winner W-L
Up -0.93% 0.57% 1.50% -1.10% 0.55% 1.65%
(-6.88) (4.27) (12.02) (-11.02) (6.51) (11.55)
Down 0.03% 0.68% 0.65% -0.51% 0.44% 0.94%
(0.14) (4.90) (2.98) (-3.43) (4.59) (4.88)
Up-down -0.96% -0.11% 0.86% -0.60% 0.11% 0.71%
(-4.04) (-0.66) (3.65) (-3.62) (1.00) (3.22)
DR state Loser Winner W-L Loser Winner W-L
Up -0.21% 0.62% 0.83% -0.69% 0.40% 1.09%
(-1.04) (5.05) (3.81) (-4.38) (4.37) (5.23)
Down -0.73% 0.62% 1.35% -0.95% 0.58% 1.53%
(-4.36) (3.94) (10.53) (-9.95) (6.32) (11.40)
Up-down 0.51% -0.01% -0.52% 0.26% -0.18% -0.44%
(1.90) (-0.05) (-1.89) (1.53) (-1.51) (-1.82)
Panel B. Alphas of Table 5
Panel B.1. Down market states Panel B.2. UP Market states
CF state
CAPM Fama-French( 1993)
CF state
CAPM Fama-French( 1993)
Loser Winner W-L Loser Winner W-L Loser Winner W-L Loser Winner W-L
Up -0.21% 1.05% 1.26% -0.96% 0.68% 1.64% Up -1.11% 0.45% 1.56% -1.15% 0.52% 1.67%
(-0.62) (4.28) (3.71) (-3.16) (4.12) (4.30) (-7.92) (3.02) (12.58) (-12.07)
(5.56) (11.54)
Down 1.15% 0.77% -0.39% 0.14% 0.28% 0.14% Down -0.60% 0.63% 1.23% -0.86% 0.51% 1.37%
(2.77) (2.97) (-0.81) (0.42) (1.45) (0.32) (-2.78) (4.02) (7.75) (-8.31) (5.36) (10.82)
Up-down -1.36% 0.29% 1.65% -1.10% 0.40% 1.50% Up-down -0.50% -0.17% 0.33% -0.29% 0.01% 0.30%
(-2.82) (0.94) (2.99) (-2.70) (1.77) (2.79) (-2.38) (-0.96) (2.26) (-2.20) (0.08) (2.04)
DR state Loser Winner W-L Loser Winner W-L DR state Loser Winner W-L Loser Winner W-L
Up 0.58% 0.72% 0.14% -0.26% 0.32% 0.58% Up -0.83% 0.54% 1.36% -1.02% 0.47% 1.48%
(1.53) (3.58) (0.31) (-0.81) (1.89) (1.38) (-4.84) (3.78) (10.18) (-10.25) (5.21) (9.98)
Down 0.77% 1.35% 0.58% -0.34% 0.79% 1.14% Down -0.94% 0.52% 1.46% -1.04% 0.55% 1.59%
(1.72) (2.98) (1.68) (-1.01) (3.45) (2.30) (-5.59) (3.16) (10.97) (-10.98) (5.62) (12.01)
Up-down -0.19% -0.63% -0.45% 0.08% -0.48% -0.56% Up-Down 0.12% 0.02% -0.10% 0.02% -0.08% -0.11%
(-0.35) (-1.38) (-0.84) (0.18) (-1.84) (-0.90) (0.53) (0.09) (-0.60) (0.19) (-0.71) (-0.63)
Panel C. Alphas of Table 6
Panel C.1. Pessimistic states Panel B.2. Optimistic states
CF state
CAPM Fama-French( 1993)
CF state
CAPM Fama-French( 1993)
Loser Winner W-L Loser Winner W-L Loser Winner W-L Loser Winner W-L
Up -0.88% 0.59% 1.47% -1.43% 0.38% 1.81% Up -1.35% 0.66% 2.01% -1.49% 0.69% 2.17%
(-2.94) (1.65) (5.01) (-7.68) (1.31) (4.91) (-5.13) (2.88) (9.97) (-8.18) (5.19) (10.24)
Down 1.62% 0.65% -0.98% 0.59% 0.14% -0.46% Down -0.84% 0.53% 1.38% -1.09% 0.44% 1.54%
(2.30) (1.34) (-1.06) (0.86) (0.36) (-0.49) (-3.19) (2.55) (6.63) (-6.47) (3.23) (8.06)
Up-down -2.50% -0.05% 2.44% -2.02% 0.24% 2.27% Up-down -0.51% 0.13% 0.64% -0.39% 0.24% 0.64%
(-3.42) (-0.09) (2.64) (-2.92) (0.54) (2.74) (-2.16) (0.52) (2.50) (-1.78) (1.50) (2.57)
DR state Loser Winner W-L Loser Winner W-L DR state Loser Winner W-L Loser Winner W-L
Up 1.73% 0.71% -1.02% 0.60% 0.07% -0.52% Up -0.71% 0.81% 1.52% -1.34% 0.55% 1.89%
(1.69) (1.34) (-0.69) (0.56) (0.14) (-0.34) (-2.62) (4.34) (6.43) (-6.26) (4.12) (7.64)
Down -0.29% 0.57% 0.85% -0.90% 0.35% 1.26% Down -1.50% 0.41% 1.91% -1.28% 0.60% 1.87%
(-0.80) (1.63) (3.05) (-5.45) (1.45) (5.73) (-5.74) (1.53) (10.88) (-8.14) (4.03) (10.44)
Up-down 2.01% 0.14% -1.87% 1.50% -0.28% -1.78% Up-down 0.79% 0.39% -0.40% -0.07% -0.05% 0.02%
(1.90) (0.24) (-1.25) (1.43) (-0.50) (-1.16) (2.29) (1.32) (-1.48) (-0.27) (-0.29) (0.05)
Table 8
Momentum returns - multivariate analysis using continuous measures.
All NYSE and AMEX firms are sorted into deciles based on their lagged six-month returns from t-6 to t-1, skipping month t. Stocks priced less than $1 at the end of 
month t are excluded. Returns to each of these deciles are cumulated over the next 6 months from t+1 to t+6. For each month t the six month cumulative returns to 
momentum portfolio (that buys winner portfolio and sells short loser portfolio) are regressed on an intercept, lagged six month (t-6 to t-1) cumulative Cash Flow news 
(CF news), lagged six month (t-6 to t-1) cumulative discount Rate news (DR news), lagged 12 month (t—12 to t-1) cumulative market returns (Mkt Return), and lagged six 
month cumulative sentiment (Sentiment). A first-order VAR model described in Table 1 including a constant, the log market return, term yield spread, price-earnings ratio, 
and small stock value spread is employed to obtain cash flow news and discount rate news. Down Mkt Dummy takes the value of 1(0) if the VW CRSP index return over 
months t—12 to t-1 is negative(nonnegative). For each month t, sentiment is calculated as the weighted average of past three month’s residual sentiment with weights 0.5 
for month t-1, 0.33 for month t-2 and 0.16 for month t-3. Pes. Sent. Dummy takes the value of 1(0) if the sentiment is within the bottom 20% of the sentiment values. 
The heteroscedasticity and autocorrelation adjusted t-statistics are in parentheses.
1 2 3 4 5 6 7 8 9
CF news 0.64 0.96 0.51 0.99 0.59 0.92
(2.83) (2.90) (2.88) (2.98) (3.48) (4.18)
DR news -0.27 -0.25 -0.25 -0.14 -0.27 -0.22
(-2.26) (-1.78) (-1.76) (-1.27) (-1.77) (-1.53)
Mkt return 0.18 0.18 0.13 0.12
(2.35) (2.79) (2.25) (2.21)
Sentiment 0.0021 0.002 0.018 0.002
(2.55) (3.75) (4.18) (4.36)
CF news x down mkt dummy 0.95
(2.47)
DR news x down mkt dummy -0.32
(-1.58)
Down mkt dummy -0.08 -0.06
(-4.04) (-3.21)
CF news x pes. sent, dummy 1.08
(2.39)
DR news x pes. sent, dummy -0.76
(-1.76)
Pes. sent, dummy -0.11 -0.11
(-4.40) (-4.17)
Adj. R2 (%) 8.94 4.28 6.01 7.95 34.63 39.14 35.75 41.59 41.67
story as the dominant factor of momentum profits. Cooper 
et al. (2004) find that higher momentum profits in up markets 
reverse in the long run. They also find that the initial statistically 
insignificant momentum profits following down markets reverse 
as well. Antoniou et al. (2013) find momentum profits following 
optimistic states reverse; however, they do not find any evidence 
for the reversals following pessimistic states.
Following the event-time methodology in Jegadeesh and Titman 
(2001), Lee and Swaminathan (2000), and Cooper et al. (2004), we 
plot the cumulative equal-weighted momentum returns for the 60 
months skipping the month after the portfolio formation in Fig. 1. 
As described in Section 3.1, for each month (t) in our sample pe- 
riod, we sort all NYSE and AMEX stocks into deciles based on their 
past six-month (t-6 to t-1) cumulative return, and identify the 
bottom (top) decile portfolio as the loser (winner) portfolio. We 
compute the equal weighted average monthly returns for the mo- 
mentum portfolio WML, which is long in the winner portfolio and 
short in the loser portfolio for the following 60 months (t+1 to 
t+60) skipping a month (t) after the formation period, forming 
time-series of raw returns corresponding to each event month (t+1 
to f+60). We then compute the time-series means of these returns 
separately during up and down states (based on state of month 
t).16 Similar to the unconditional results in the above mentioned 
studies, we find that momentum profits reverse significantly fol- 
lowing positive cash flow news. This is consistent with the over- 
reaction theories of momentum. We also find significant reversals 
following negative cash flow news in states during which momen- 
tum is not significant. This finding is consistent with Cooper et al.’s 
(2004) finding of reversals in down markets and suggests that mo- 
mentum is not the only driver of long-term reversals.
Since we document that momentum is statistically and eco- 
nomically strong in up-CF states even during the pessimistic states 
and down markets, it is worth examining the long run returns to 
the momentum portfolio to test the existence of any overreaction 
by “momentum traders” during these periods. We plot these long 
run returns in Fig. 2. This figure illustrates that momentum profits 
reverse in the long run following up-CF states even when past mar- 
ket returns are negative or investor sentiment is low. Collectively, 
these findings suggest that the declining risk-aversion of “momen- 
tum traders” in up-CF states plays a role in the overreaction to the 
news possibly at later stages of the momentum, which is consis- 
tent with the Hong and Stein (1999) model.
3.9. Out-of-sample tests
In this section, we examine the out-of-sample predictive power 
of aggregate cash flow news and discount rate news. We employ 
a VAR methodology with expanding windows and Jegadeesh and 
Titman (1993) calendar time momentum strategy to maintain a 
real time framework. For each month in the sample period, we 
rank stocks into deciles based on the cumulative returns over the 
past six-month (t-6 to t—1, formation period). The top performing 
quintile is called the winner portfolio, and the worst performing 
one is called the loser portfolio.
These portfolios are held for the next 6 months (t+1 to t+6, 
holding period). We skip a month between formation and hold­
ing periods to avoid problems due to microstructure effects. Since 
new portfolios are formed in each month, we measure the return 
on a momentum portfolio in a given calendar month as the equal 
weighted average of six portfolios that remain open in that calen­
dar month. For example, month t+1 momentum return (e.g., loser 
or winner quintile) is the equal-weighted average of the month 
t+1 returns of portfolios formed at months t—6, t—5, t-4, t—3, 
t-2 and t-1. This is equivalent to revising 1/6 of the portfolio 
each month. This methodology produces a time-series of monthly
Fig. 1. Long- horizon momentum returns conditional on cash flow news.
The mean cumulative monthly six-month holding period momentum returns over the months t+1 and t+60 are plotted for the up- and down-CF states. VAR model including 
a constant, the log market return, term yield spread, price-earnings ratio, and small stock value spread is employed to obtain cash flow news. Non-negative (negative) cash 
flow news over months t-6 to t-1 define up- (down) CF states.
Fig. 2. Long- horizon momentum returns in UP-CF states during pessimistic and market decline periods.
The mean cumulative monthly six-month holding period momentum returns over the months t+1 and t+60 are plotted for the up-CF states during pessimistic sentiment 
and negative market returns (down market states). VAR model including a constant, the log market return, term yield spread, price-earnings ratio, and small stock value 
spread is employed to obtain cash flow news. Non-negative (negative) cash flow news over months t-6 to t-1 define up- (down) DR states.
Table 9
Momentum returns conditional on cash flow and discount rate news-calendar time.
All NYSE and AMEX firms are sorted into deciles based on their lagged six-month returns from t-6 to t-1, skipping month t. Stocks priced less than $1 at the end of 
month t are excluded. Jegadeesh and Titman's (1993) calendar time momentum strategy is implemented with six-month formation and six-month holding periods. The 
VAR model employed in previous tables is estimated on an expanding windows basis to estimated monthly cash flow news and discount rate news. The first estimation 
period is December 1928-November 1933. The second period expands with one month ending in December 1933. For each calendar month, if the number of past six 
formation months that is positive (negative) is greater than or equal to five, that calendar month is classified as an up (down) state. The time series of momentum 
returns are then regressed on three dummy variables for up, down, and mild states without intercept. To test the differences between up and down states, time series of 
momentum returns are regressed on an intercept, mild and up dummy variables. The table presents the returns of losers, winners, and momentum returns and t-statistics 
for up, mild, and down states. The differences between up and down momentum returns and full sample returns and t-statistics are also reported.
CF states DR states
FullUp Mild Down Up-down Up Mild Down Up-down
N 445 251 254 342 193 415 950
Loser -0.20% 1.02% 2.12% -2.32% 0.85% 1.07% 0.50% 0.34% 0.74%
(-0.54) (1.56) (3.7) (-3.4) (1.6) (1.54) (1.32) (0.53) (2.56)
Winner 1.11% 1.91% 2.43% -1.32% 1.57% 1.69% 1.74% -0.17% 1.67%
(3.3) (4.64) (5.68) (-2.43) (4.79) (3.11) (4.95) (-0.36) (7.49)
WML 1.31% 0.88% 0.31% 1.00% 0.72% 0.63% 1.24% -0.52% 0.93%
(6.67) (1.89) (0.85) (2.41) (2.25) (1.57) (4.7) (-1.24) (5.1)
momentum returns while avoiding biases in standard errors due to 
autocorrelation, which makes it possible to use conventional stan­
dard errors for evaluating the statistical significance of momentum 
returns.
In order to determine the cash flow news and discount rate 
news for each formation month, we estimate the VAR system with 
expanding windows. Our first window is from December 1928 to 
November 1933 covering 60 months. The next estimation win- 
dow expands to include December 1933 covering 61 months. For 
each of these estimation windows, we calculate the cumulative 
cash flow news and discount rate news over the six months prior 
to the end of the windows. We then allocate calendar months 
during which we measure the momentum returns into up, mild, 
and down states. We first classify each of the past six formation 
months into up and down states based on whether there is pos- 
itive and negative news, respectively. Then, we classify a calendar 
month as an up (down) state if at least five out of six formation 
periods have positive (negative) news. The remaining months are 
classified as mild states. We regress the time-series of momentum 
returns on three dummy variables for up, down, and mild states 
without intercept. In order to test for the differences between up 
and down states, we run time series regressions of momentum re- 
turns on an intercept, mild and up states dummy variables.
Table 9 presents the equal-weighted returns of losers, win- 
ners, and momentum returns along with their t-statistics. We find 
similar results to our event-time results presented earlier. The 
mean momentum return is 1.31% with a t-statistic of 6.67. Mo- 
mentum returns become weaker and statistically insignificant in 
mild and down states, respectively. Up-CF states predict both sta- 
tistically and economically significantly higher momentum returns 
than down-CF states. The difference in momentum returns be- 
tween up- and down-CF states is a monthly 1.00% with a t-statistic 
of 2.41. Conversely, the out-of-sample predictability tests suggest 
that discount rate news has no power for forecasting momentum 
returns. The difference between up- and down-DR states is 0.52% 
with a t-statistic of 1.24. Overall, these out-of-sample predictability 
tests confirm the earlier findings that cash flow news is more im- 
portant than discount rate news in predicting momentum portfolio 
returns.17
4. Conclusion
In this paper, we examine the relation between cash flow news, 
discount rate news and momentum in stock prices. We follow 
Campbell and Vuolteenaho (2004) to decompose past unexpected 
market returns into components related to cash flow news and dis- 
count rate news, and find that cash flow news dominates discount 
rate news in forecasting price momentum. Previous literature such 
as Cooper et al. (2004) and Antoniou et al. (2013) find that price 
momentum exists only when past market returns are positive or 
investor sentiment is optimistic. We contribute to this literature by 
showing that price momentum is both statistically and econom- 
ically significant if past market-wide cash flow news is positive 
even in cases where past market return is negative or sentiment 
is pessimistic. Our finding, that the higher momentum profits in 
positive cash flow news periods is primarily driven by the con- 
tinued underperformance of losers, is consistent with the behav- 
ioral explanation of price momentum provided by Hong and Stein 
(1999) in the sense that investor underreaction to the contradic- 
tory news will be more pronounced when changes in wealth are 
relatively more permanent.
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